
Are Larger Language Models Better at Disambiguation?

People experience processing difficulties when they encounter a continuation of a sentence
that conforms to the less likely interpretation of the previously ambiguous syntactic structure. This
phenomenon, often realized as increase in reading time, is called the garden path effect [5] and
can be explained by surprisal theory of sentence processing [7, 10]. Linguistic analysis of neural
language models suggests that pre-trained language models capture the syntax of natural lan-
guages [8] and represent the incremental syntactic processing states similar to those of humans
[11, 6]. Through surprisal theory, previous studies observed garden path effects in autoregres-
sive language models where the language models predicted the increase in reading time in the
disambiguation region [14, 6]. However, it is unclear whether autoregressive language models
finally resolve the temporary syntactic ambiguity after being exposed to the disambiguating text
and whether model capacity impacts how well the model disambiguates.

To probe for the incremental syntactic representations of a language model, we analyzed the
completions generated by the language model for a set of garden-path prefixes where the model’s
completions are indicative of its incremental syntactic representation, i.e., whether the model dis-
ambiguates the given prefix. The corpus includes 30 sentences that were adapted from an exper-
imental study[1]. Each sentence contains a structural ambiguity between a relative clause inter-
pretation and a complement clause interpretation. An example is The householder told the builder
that he had arranged to pay that the bill was fair. Before encountering that the bill, the part of the
sentence, that he had arranged to pay, can be interpreted either as a relative clause that modifies
the builder or as the complement of the verb told. After encountering that the bill, the reader will
realize that the relative clause interpretation is the only consistent interpretation. Another example
is The musician told the guitarist that he was impressed by that the play was appalling. Note that
it has a similar structure but is in a different context.

If the language model successfully removes the inconsistent interpretation from its represen-
tation, it would recognize that he had arranged to pay as a relative clause and recognize the bill
as the start of a complement clause. If this is the case, the bill would be the argument of some
predicate in the model’s completion of the prefix (case 1). However, if the bill is not an argument of
any predicate in the content clause (case 2), as in the ungrammatical completion, The householder
told the builder that he had arranged to pay that the bill in two weeks, the model did not successfully
disambiguate the prefix. These two scenarios can be discriminated by a dependency parser, e.g.,
the spaCy dependency parser [9] by analyzing the structure of the content clause (i.e., the part of
the completed sentence after the second that). We can then evaluate how well a language model
disambiguates this type of garden path sentence by sampling multiple completions for each prefix
and calculating the percentage of grammatical completions generated by the model for the 30 gar-
den path prefixes. Figure 1 shows the proportion of grammatical completions for language models
of different sizes [12, 16, 15, 4, 3, 2, 13]. The line fit shows a trend that larger models are worse at
generating grammatical completions so they are worse at disambiguating this type of garden path
sentences. This contradicts the intuition that larger models has better linguistic capabilities and
casts doubts on the hypothesis that language models maintain explicit syntactic structures during
their incremental processing of language.
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Figure 1: The proportion of grammatical completions for models of different sizes. It shows a log-linear re-
lationship between the model’s size and proportion of grammatical completions. A permutation test (10,000
samples) shows that the negative slope is significant (p < 0.005).
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